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HenpoHHasa ceTb Xondunaa (nnm accounmatMBHas NamsTb) - 3TO Pa3HOBUAHOCTb
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CNYXWUTb B KaYeCcTBe NaMATM C BO3SMOXKHOCTbIO KOHTEHTHOW agpecaunn.
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Storing Infinite Numbers of Patterns in a Spin-Glass Model of Neural Networks

Daniel J. Amit and Hanoch Gutfreund
Racah Institute of Physics, Hebrew University, Jerusalem 91904, Israel

and

H. Sompolinsky
Department of Physics, Bar Han University, Ramat Gan, Israel
(Received 11 July 1985)

The Hopfield model for a neural network is studied in the limit when the number p of stored pat-
terns increases with the size N of the network, as p=«aN. It is shown that, despite its spin-glass
features, the model exhibits associative memory for e < a,, «, = 0.14. This is a result of the ex-
istence at low temperature of 2p dynamically stable degenerate states, each of which is almost fully
correlated with one of the patterns. These states become ground states at « < 0.05. The phase dia-
gram of this rich spin-glass is described.
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EUROPHYSICS LETTERS 15 February 1986
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The Statistical Properties of the Hopfield Model of Memory.

M. V. FEIGELMAN and L. B. IOFFE
Landau Institute for Theoretical Physics - Moscow

(received 26 June 1985, accepted in final form 17 December 1985)

PACS. 75.50K. — Amorphous magnetic materials.

Abstract. - Statistical properties of the Hopfield model of content addressable memory are
considered. It is shown that in large systems «phase transition» between regions of «well-
functioning» and «chaotic» memory occurs. The phase diagram on the plane (y, T) is found (y is
the relative number of stored prototype neuron configurations, T is the temperature, i.e. the
noise intensity).
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In conclusion, our main results are

a) the transition from the well-functioning memory regime to the chaotic regime is

sharp, it occurs at a definite ratio y of a number of prototype states to the whole number of
elements;

b) the critical value of y tends to zero if I'— 0, i.e. the effective system constructed on
the symmetric Hopfield model needs external noise; it is very interesting if this conclusion
holds also for nonsymmetric models of memory.
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Fig. 1. — The phase diagram of the Hopfield model: WFM denotes the region of the well-functioning
memory, CM the «chaotic» memory, PM the paramagnetic phase.
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Exponential Capacity of Dense Associative Memories

Carlo Lucibello®” and Marc Mézard®'
Deparmment of Computing Sciences, Bocconi University, Milano 20136, Iraly
and Bocconi Institute for Data Science and Analytics (BIDSA), Milano 20136, Italy

M (Received 26 July 2023; revised 29 November 2023; accepted 11 January 2024; published 13 February 2024)

Recent generalizations of the Hopfield model of associative memories are able to store a number P of
random pattermns that grows exponentially with the number N of neurons, P = exp(a/N). Besides the huge
storage capacity, another interesting feature of these networks is their connection to the attention
mechanism which is part of the Transformer architecture widely applied in deep leaming. In this work, we
study a genernic family of pattern ensembles using a statistical mechanics analysis which gives exact
asymptotic thresholds for the retrieval of a typical pattem, a,, and lower bounds for the maximum of the
load @ for which all patterns can be retrieved, a., as well as sizes of attraction basins. We discuss in detail
the cases of Gaussian and spherical patterns, and show that they display rich and qualitatively different

phase diagrams.
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Nobel Lecture: Multiple equilibria’

Giorgio Parisi®’
Dipartimento di Fisica, Universita di Roma La Sapienza, INFN, Sezione di Roma |,
CNR-NANOTEC UQOS Roma Piazzalke Aldo Moro 2, -F00185 Roma, lialy

® (published 17 August 2023)

This 15 an extended version of my Nobel Lecture, delivered on December 8, 2021. I will recall the
genesis of the concept of multiple equilibria in natural sciences. I will then describe my contribution
to the development of this concept in the framework of statistical mechanics. Finally, I will briefly
mention the comucopia of applications of these ideas both in physics and in other disciplines.
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dopmyna agoctmeHua Mapusu:
«for the discovery of the interplay of disorder and fluctuations in physical systems from

atomic to planetary scales»
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Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition
Washington, D. C., June, 1983

OPTIMAL PERCEPTUAL INFERENCE

Geollfrey E. Hinton ; - Terrence J. Sejnowski

S eont e Mehin LGRS,  tncsenmsriepnsunarsy  VIAWMHA BONbUMAHA - 3TO CETb CUMMETPUYHO
coeIMHEHHbIX HEMPOHOB, KOTOPbIE NPUHUMAIOT

COGNITIVE SCIENCE 9, 147-169 (1985)

CTOXaCTUYeCKMe peLlleHns o ToM, bbiTb nm
BKNOYEHHbIMMW UIWN BbIKNHOYEHHbIMMN.
BonbuMaHOBCKME MaLlNHbI UMEKOT MPOCTOM
anroputm obyyenus (Hinton & Sejnowski,

DAVID H. ACKLEY 1983), KoTopbIN NO3BONAET UM ODHApPYXKUBATb

A Learning Algorithm for
Boltzmann Machines*

GEOFFREY E. HINTON

Computer Science Department
Carnegie-Mellon University

UHTEpeCHbIE OCO6€HHOCTI/I, npeacrasadarowme
TERRENCE 1. SEINOWSK| CNNOMKHble 3aKOHOMEPHOCTM B 0ByHatoLWmX
Biophysics Department |£|| adHHDbIX.

The Johns Hopkins University




HobeneBckaa npemma no xmummu, 2024

% - NlaBua bekep 3a BblMUCIUTENbHbIN An3aiiH benkos. OH Hay4Yucs OCBaMBaTb
CTPOUTENbHbIE BIOKM }KU3HU N CO3aBaTb COBEPLUEHHO HOBble HenKku.

¥, - Nlemunc Xaccabuc n [xoH [xamnep 3a npeackasaHusa CTPYKTYpbl 6enkos. OHM
ycrnewHo NCNONb30BaIN UCKYCCTBEHHbIM UHTENNEKT ANA NpeaAcKa3aHUA CTPYKTYPbl NOYTH

BCEX M3BECTHbIX benKkos




MeTogon0rms, KOTOpyro Mbl MCNOAb30BaAU Npu pa3paboTKke AlphaFold, npeacrasnser
cobou coyetaHne 6GMOMHPOPMATUKN U GU3MYECKOTO NOAX0AA: Mbl UCMOJIb3YEM
dU3NYECKUN N TEOMETPUYECKUN MHAYKTUBHbIM NOAX0A ANA CO3AaHNA KOMMNOHEHTOB.

Highly accurate protein structure prediction
with AlphaFold

ips-idal org1 0103841585 0H.035818.2 Jehn Jumpar™, Richard Evans™, Alsxander Pritzed™, Tim Green™, Michaal Figumov®,
: : Maf Ronnebargar™, Kathryn Turmvasuvurakoo!™, Russ Bates™, Augus@En Didek™,

T oy 2021 Arna Potapanks™, Alax Brddglarnd™, Clomsns Mayor™, Simon A. A Kohl™,
Soocaptod: 12 July 20021 Ardresy | Ballard™. Andrew Cowie™, Bamarding Romara-Parodes™?. Stanislzy Mikolow™.

Rishub lzin™, Jonas Adlar', Trevor Baok’, Stig Petorsen’, David Raiman’, Ellen Clancy’,

ublishod onlina: 15 huly 2021 Miichal Tichinsk!’, Martin Steircgger™, Michaling Pacholsks” Tamas Barghammer',
AN SO0 sabastan Bodenstein’, Dawd Silver', Oricl Vinyals', Androw W, Senior’, Koray Kavuloeogly’,
= | (] . mw&m I__h‘l.ln




RoseTTAFold no3BonseT pelwaTb C/0XKHbIE 3a43a4N PEHTIEHOBCKOM Kpuctannorpadmm u
Kpno-OM moaennpoBaHus, AaeT npeactasneHne o PyHKUMAX 6enKkos B OTCYTCTBUE

3KCNepUMeEHTa/IbHO onpeaeneHHbIX CTPYKTYP U BbICTpO co3aaeT ToYHble Moaenn benok-
6enKoBbIX KOMMN/1EKCOB.

Baek et al., Science 373, 871-876 (2021) 20 August 2021

PROTEIN FOLDING

Accurate prediction of protein structures and

interactions using"athee-track neural network
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Bbilie: OT CTaTPU3MKM K HEMPOHHbBIM CETAM
[lanee: OT HEMPOHHbIX CETEN K CTaTOU3INKE

 ObyyeHune c yuntenem — nokasbiBaem HempoHHou cetn (HH) pelweTKy co
CMMHamm (CHUMOK), A06aBAS NPU3HAK NPUHAANEKHOCTM K deppo- (FM)
WIn napa-marintHom (PM) dase.

MopaenunpoBaHue

0bpa3LoB HenpoHHaAa ceTb

BbuHapHaa Knaccudpukauyma




* TecTUpOBaHMe — npeacKkasaHme Toro, 4to cHUMOK(T) npuHaanexmnt FM ¢ase.
[ToBTOPAA MHOrO pa3 noayyaem BepoAaTHOcTb P(T) npnHaanexHocTu
cHumkoB(T) FM ¢ase.




* TecTupoBaHMe — npeacKkasaHme Toro, Yto cCHUMOK(T) npuHagnexnt FM ¢ase.
[MoBTOPAA MHOrO pa3 nosiydaem BepoAaTHOCTb P(T) npuHaanexHoCTH
cHumKoB(T) FM ¢ase.
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Chertenkov, Burovski, LS: PRE 108 L032102 (2023)
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O6yuyeHune Ha N30TPONHOU Mmoaenu

MopgenupoBaHue

obpa3sLos HenpoHHaA ceTb

buHapHaAa
Knaccupukauyums




Transfer learning = cross-testing

TectTnposaHue gpyrom mogenu Ha obyueHHOM ceTn

BuHapHaA
HelpoHHan ceTb KnaccudumKkaumna

f(T)

MopenuposaHue
o6pa3uos

1 N
P(T;L) = < ) fi(T; L)
i=1




Anisotro Py Houtappel, Physica 16, 425 (1950).
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Training — isotropic Ising model
Testing - anisotropic model

H
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Sukhoverhova, LS: JETP Letters (2024)
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Oscillatory decay of the spin-spin correlation function above T

Sukhoverhova, LS: JETP Letters (2024)




ObyuyeHue Ha 0gHON mopgenu

MopgenupoBaHue

obpa3sLos HenpoHHaA ceTb

buHapHaAa
Knaccupukauyums




Transfer learning between universality classes

TecTMpoBaHMe moaenu U3 Apyroro Kaacca yHMBepcaabHOCTU

BuHapHaA
HelpoHHan ceTb KnaccudumKkaumna

f(T)

MopenuposaHue
o6pa3uos

1 N
P(T;L) = < ) fi(T; L)
i=1




Inter-domain training/testing — different universality classes
ObyyeHune — moaenb N3unHra, TectTupoBaHmne — moaenb bakcrepa-By

spin space

L 2
m.g.:-"
> o A
“ .."

® 9
- eun
0.05 AA‘ - .... .

0.10

o . . - e 0%
000 mmmmenn sl eotelive = thsdcannncnsnibdineh
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Mpeobpa3zoBaHMe CNMHOBBLIX KOHOUTYPaALMA B KOHPUTYpPaLMM SHEPT U

energy configuration energy configuration

spin configuration spin configuration
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ObyuyeHune — moaenb bakctepa-By, TectmpoBaHme — moaenb N3unHra

IS@IS 1/u, 1w, _ /vy
CNN 1.12(3) 1.15(5) 1.07(2)
ResNet-10 1.15(3) 1.17(6) 1.09(11)
ISGBW 1/v, 1w, _ 1/v_,
CNN 1.16(5) 1.31(8) 0.08(1)
ResNet-10 0.85(6) 1.13(11) 0.78(15)

NN T*, ISGBW Aje  T*, BWGIS Aje
CNN 2.296(24) 1.8 2.9694(2) 1
ResNet-10 2.214(21) 2.6 2.9686(5) 1.2

Chertenkov, LS: PhysRev (2024)




ObyyeHune — mogenb M3unHra, TectmpoBaHue — mogens bakcrepa-By

energy space

M
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Temperature T Inverse Size 1/L

1/v, 1w, - 1/ v 4+
1.48(5) 1.61(10) 1.52(3)
1.50(7) 1.62(17) 1.52(4)

1/vs 1w, — 1/t
1.45(2) 1.51(2) 1.42(6)
1.45(3) 1.45(10) 1.47(4)

Chertenkov, LS: PhysRev (2024)




Conclusion

Finite-size scaling of the variation of the output function allows us to
determine the correlation length exponent and the critical temperature

Diagonal anisotropy does not change the estimates of the correlation
length exponent and critical temperature over a wide range of anisotropy
ratio.

Deviation associated with a region on the phase diagram with oscillatory
decay of the spin-spin correlation function.

Transfer-learning of models of different universality class is possible with
appropriate choice of training/testing domain.

CemunHap «BblicokonpounssoanTenbHble

MNoapeprKaHo rpaHTom PHO 22-21-00259
Bbluncnenmna», HAY BUID —12/11/24 33
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